ABSTRACT
INTRODUCTION
Sub-sentential alignment plays an important role in the process of building a machine translation system. The quality of the sub-sentential alignment, which identifies the relations between words or phrases in the source language and those in the target language, is crucial for the final results and the quality of a machine translation system. Currently, the most widely used state-of-the-art alignment tool is GIZA++ [1] , which belongs to the estimating trend. It trains the ubiquitous IBM models [2] and the HMM introduced by [3] . MGIZA++ is a multi-threaded word aligner based on GIZA++, originally proposed by [4] .
In this paper, we focus on investigating a different alignment approach to the production of phrase translation tables: the sampling-based approach [5] . There are two contributions of this paper:
• Firstly, we propose a method to improve the performance of this sampling-based alignment approach;
• Secondly, although evaluation results show that it lags behind MGIZA++, we show that, in combination with the state-of-the-art method, it slightly outperforms MGIZA++ alone and helps significantly to reduce the number of out-of-vocabulary words.
The paper is organized as follows. Section 2 presents related work. In Section 3, we briefly review the technique of sampling-based alignment method. In Section 4, we propose a variant in order to improve its performance. We also introduce standard normal distribution of time to bias the distribution of n-grams in phrase translation tables. Section 5 presents results obtained by merging two aligners' phrase translation tables. Finally, in Section 6, conclusions and possible directions for future work are presented.
RELATED WORK
There are various methods and models being suggested and implemented to solve the problem of alignment. One can identify two trends to solve this problem [6] . On one side, there is the associative alignment trend, which is illustrated by [7, 8, 9] . On the other side, the estimating trend is illustrated by [1, 2, 10] .
Associative alignment method employs similarity measures and association tests. These measures are meant to rank and determine if word pairs are strongly associated with each other. In [7] , Gale and Church propose to use measures of association to find correspondences between words. They introduce the Φ 2 coefficient, based on a two by two contingency table. Melamed [8] shows that most source words tend to correspond to only one target word and presented methods for biasing statistical translation models, which leads to positive impact on identifying translational equivalence. In [9] , Moore proposes the log-likelihood-ratio association measure and alignment algorithm, which is faster and simpler than the generative probabilistic framework. The estimating alignment approach employs statistical models and the parameters are estimated through maximization process. In [1, 2] , a set of word alignment models are introduced and phrase alignments are extracted given these word alignments. Liang et al. [10] propose a symmetric alignment, which trains two asymmetric models jointly to maximize agreement between the models.
SAMPLING-BASED ALIGNMENT METHOD
The sampling-based approach is implemented in a free open-source tool called Anymalign (http://anymalign.limsi.fr/). It is in line with the associative alignment trend and it is much simpler than the models implemented in MGIZA++. The sampling-based alignment approach takes as input a sentence-aligned corpus and output pairs of sub-sentential sequences similar to those in phrase translation tables, in a single step. The approach exploits low frequency terms and relies on distribution similarities to extract sub-sentential alignments. In addition, it has been shown in [11] that the sampling-based method, i.e., Anymalign, requires less memory in comparison with GIZA++. As a last and remarkable feature, it is capable of aligning multiple languages simultaneously [5] , but we will not use this feature in this paper as we will restrain ourselves to bilingual experiments.
In sampling-based alignment, low frequency terms and distribution similarities lay the foundation for sub-sentential alignment. Low frequency terms, especially hapaxes, have been shown to safely align across languages [12] . Hapaxes are words that occur only once in the input corpus. It has been observed that the translational equivalence between hapaxes, which co-occur together in a parallel sentence, is highly reliable. Aligned hapaxes have exactly the same trivial distribution on lines (Here, "line" denotes a (source, target) sentence pair in a parallel corpus): 0 everywhere, except 1 on the unique line they appear in. On the other end of the frequency spectrum, fullstops at the end of each sentence in both source and target languages have the same trivial distribution on lines if one line contains one sentence: 1 everywhere. Building on these observations and, exploiting the possibility of sampling a corpus in many sub corpora, only those sequences of words sharing the exact same distribution (i.e., they appear exactly in the same sentences of the corpus) are considered for alignment.
The key idea is to make more words share the same distribution by artificially reducing their frequency in multiple random subcorpora obtained by sampling. The distribution here is denoted as the co-occurrences between words in the context of parallel sentences. Indeed, the smaller a subcorpus, the less frequent its words, and the more likely they are to share the same distribution; hence the higher the proportion of words aligned in this subcorpus.
The subcorpus selection process is guided by a probability distribution which ensures a proper coverage of the input parallel corpus:
where k denotes the size (number of sentences) of a subcorpus and n the size of the complete input corpus. Note that this function is very close to 1/k 2 : it gives much more credit to small subcorpora, which happen to be the most productive [5] . Once the size of a subcorpus has been chosen according to this distribution, its sentences are randomly selected from the complete input corpus according to a uniform distribution. Then, from each subcorpus, sequences of words that share the same distribution are extracted to constitute alignments along with the number of times they were aligned (contrary to the widely used terminology where it denotes a set of links between the source and target words of a sentence pair, we call "alignment'" a (source, target) phrase pair, i.e., it corresponds to an entry in the so-called phrase translation tables). Eventually, the list of alignments is turned into a full-fledged phrase translation table, by calculating various features for each alignment. In the following, we use two translation probabilities and two lexical weights as proposed by [13] , as well as the commonly used phrase penalty, for a total of five features.
One important characteristic of the sampling-based alignment method is that it is implemented with an anytime algorithm: the number of random subcorpora to be processed is not set in advance, so the alignment process can be interrupted at any moment. Contrary to many approaches, after a very short amount of time, quality is no more a matter of time, however quantity is: the longer the aligner runs (i.e. the more subcorpora processed), the more alignments produced, and the more reliable their associated translation probabilities, as they are calculated on the basis of the number of time each alignment was obtained. This is possible because high frequency alignments are quickly output with a fairly good estimation of their translation probabilities. As time goes, their estimation is refined, while less frequent alignments are output in addition.
Intuitively, since the sampling-based alignment process can be interrupted without sacrificing the quality of alignments, it should be possible to allot more processing time for n-grams of similar lengths in both languages and less time to very different lengths. For instance, a source bigram is much less likely to be aligned with a target 9-gram than with a bigram or a trigram. The experiments reported in this paper make use of the anytime feature of Anymalign and of the possibility of allotting time freely.
Preliminary Experiment
In order to measure the performance of the sampling-based alignment approach implemented in Anymalign in statistical machine translation tasks, we conducted a preliminary experiment and compared with the standard alignment setting: symmetric alignments obtained from MGIZA++. Although Anymalign and MGIZA++ are both capable of parallel processing, for fair comparison in time, we run them as single processes in all our experiments.
Experimental Setup
A sample of the French-English parts of the Europarl parallel corpus [14] was used for training, tuning and testing. A detailed description of the data used in the experiments is given in Table 1 . The training corpus is made of 100k sentences. The development set contains 500 sentences, and 1,000 sentences were used for testing. To perform the experiments, a standard statistical machine translation system was built for each different alignment setting, using the Moses decoder [15] , MERT (Minimum Error Rate Training) to tune the parameters of translation tables [16] , and the SRI Language Modeling toolkit [17] to build the target language model. As for the evaluation of translations, four standard automatic evaluation metrics were used: WER [18] , BLEU [19] , NIST [20] , and TER [21] . 
Problem Definition
In a first setting, we evaluated the quality of translations output by the Moses decoder using the phrase translation table obtained by making MGIZA++'s alignments symmetric. In a second setting, this phrase translation table was simply replaced by that produced by Anymalign. Since Anymalign can be stopped at any time, for a fair comparison, it was run for the same amount of time as MGIZA++: seven hours in total. The experimental results are shown in Table 2 . In order to investigate the differences between MGIZA++ and Anymalign phrase translation tables, we analyzed the distribution of n-grams of both aligners. The distributions are shown in Table 6 (a) and Table 6 (b). In Anymalign's phrase translation table, the number of alignments is 8 times that of 1×1 n-grams in MGIZA++ translation table, or twice the number of 1×2 n-grams or 2×1 n-grams in MGIZA++ translation table. Along the diagonal (m×m n-grams), the number of alignments in Anymalign table is more than 10 times less than in MGIZA++ table. This confirms the results given in [22] that the sampling-based approach excels in aligning unigrams, which makes it better at multilingual lexicon induction than, e.g., MGIZA++. However, its phrase translation tables do not reach the performance of symmetric alignments from MGIZA++ on translation tasks. This basically comes from the fact that Anymalign does not align enough long n-grams [22] . Longer n-grams are essential in a phrase-based machine translation system as they contribute to the fluency of translations.
DIVIDING INTO PHRASE TRANSLATION SUBTABLES

Enforcing Alignment of N-grams
To solve the above-mentioned problem, we propose a method to force the sampling-based approach to align more n-grams.
Consider that we have a parallel input corpus, i.e., a list of (source, target) sentence pairs, for instance, in French and English. Groups of characters that are separated by spaces in these sentences are considered as words. Single words are referred to as unigrams, and sequences of two and three words are called bigrams and trigrams, respectively. Theoretically, since the sampling-based alignment method excels at aligning unigrams, we could improve it by making it align bigrams, trigrams, or even longer n-grams as if they were unigrams. We do this by replacing spaces between words by underscore symbols and reduplicating words as many times as needed, which allows making bigrams, trigrams, and longer n-grams appear as unigrams. Table 3 depicts the way of forcing n-grams into unigrams. the_debate_is_closed_.
Similar works on the idea of enlarging n-grams have been reported in [23] , in which "word packing" is used to obtain 1-to-n alignments based on co-occurrence frequencies, and [24] , in which collocation segmentation is performed on bilingual corpus to extract n-to-m alignments.
Phrase Translation Subtables
It is thus possible to use various parallel corpora, with different segmentation schemes in the source and target parts. We refer to a parallel corpus where source n-grams and target m-grams are assimilated to unigrams as an unigramized n-m corpus. These corpora are then used as input to Anymalign to produce phrase translation subtables, as shown in Table 4 . Practically, we call Anymalign1-N the process of running Anymalign with all possible unigramized n-m corpora, with n and m both ranging from 1 to a given N. In total, Anymalign is thus run N×N times. All phrase translation subtables are finally merged together into one large translation table, where translation probabilities are re-estimated given the complete set of alignments. Table 4 . List of n-gram translation subtables (TT) generated from the training corpus. These subtables are then merged together into a single phrase translation table.
Source Target  1-grams  2-grams  3-grams  …  N-grams  1-grams  TT1×1  TT1×2  TT1×3  …  TT1×N  2-grams  TT2×1  TT2×2  TT2×3  …  TT2×N  3-grams  TT3×1  TT3×2  TT3×3  …  TT3×N  …  …  …  …  …  …  N-grams  TTN×1  TTN×2  TTN×3  …  TTN×N Although Anymalign is capable of directly producing alignments of sequences of words, we use it with a simple filter (option -N 1 in the program), so that it only produces (typographic) unigrams in output, i.e., n-grams and m-grams assimilated to unigrams in the input corpus. This choice was made because it is useless to produce alignment of sequences of words, since we are only interested in phrases in the subsequent machine translation tasks. Those phrases are already contained in our (typographic) unigrams: all we need to do to get the original segmentation is to remove underscores from the alignments.
Equal Time Configuration
The same experimental process (i.e., replacing the translation table), as in the preliminary experiment, was carried out on Anymalign1-N with equal time distribution, which is, uniformly distributed time among subtables. For a fair comparison, the same amount of time was given: seven hours in total. The results are shown in Table 7 . On the whole, MGIZA++ significantly outperforms Anymalign, by more than 4 BLEU points. The proposed approach (Anymalign1-N) produces better results than Anymalign in its basic version, with the best increase with Anymalign1-3 or Anymalign1-4 (+1.3 BP).
The comparison of Table 6 (a) and Table 6 (c) shows that Anymalign1-N delivers too many alignments outside of the diagonal (m×m n-grams) and still not enough along the diagonal. Consequently, this number of alignments should be lowered. A way of doing so is by giving less time for alignments outside of the diagonal.
Standard Normal Time Distribution
In order to increase the number of phrase pairs along the diagonal of the translation table matrix and decrease this number outside the diagonal (Table 4) , we distribute the total alignment time among translation subtables according to the standard normal distribution as it is the most natural distribution intuitively fitting the distribution observed in Table 6 (a). The alignment time allotted to the subtable between source n-grams and target m-grams will thus be proportional to φ(n,m). Table 5 shows an example of alignment times allotted to each subtable up to 4-grams, for a total processing time of 7 hours. We performed a third evaluation using the standard normal distribution of time, as in previous experiments, again with a total amount of processing time (7 hours).
The comparison between MGIZA++, Anymalign in its standard use (baseline), and Anymalign1-N with standard normal time distribution is shown in Table 7 . Anymalign1-4 shows the best performance in terms of BLEU and WER scores, while Anymalign1-3 gets the best results for the two other evaluation metrics. There is an increase in BLEU scores for almost all Anymalign1-N, from Anymalign1-3 to Anymalign1-10, when compared with the translation qualities of Anymalign1-N with equal time configuration ( Table 7) . The greatest increase in BLEU is obtained for Anymalign1-10 (almost +2 BP). Anymalign1-4 shows the best translation qualities among all other settings, but gets a less significant improvement (+0.2 BP). Again, we investigated the number of entries in Anymalign1-N run with this normal time distribution. We compare the number of entries in Table 6 in Anymalign1-4 with (c) equal time configuration and (d) standard normal time distribution. The number of phrase pairs on the diagonal roughly doubled when using standard normal time distribution. We can see a significant increase in the number of phrase pairs of similar lengths, while the number of phrase pairs with different lengths tends to decrease slightly. This means that the standard normal time distribution allowed us to produce much more numerous useful alignments (a priori, phrase pairs with similar lengths), while maintaining the noise (phrase pairs with different lengths) to a low level, which is a neat advantage over the original method.
MERGING PHRASE TRANSLATION TABLES
In order to check exactly how different the phrase translation table of MGIZA++ and that of Anymalign are, we performed a fourth set of experiments in which MGIZA++'s translation table is merged with that of Anymalign baseline and we used the union of the two phrase translation tables. As for feature scores in phrase translation tables for the intersection part of both aligners, i.e., entries in two translation tables share the same phrase pairs but with different feature scores, we adopted parameters computed either by MGIZA++ or by Anymalign for evaluation.
In addition, we used the feature Backoff model in Moses. This feature allows the use of two phrase translation tables in the process of decoding. The second phrase translation table is used as a backoff for unknown words (i.e., words that cannot be found in the first phrase translation table).
To examine how good 1-grams are produced by Anymalign and how they can benefit a machine translation system, we used MGIZA++ as the first table and Anymalign baseline as the backoff table for unknown words in the experiments. We also experimented on limiting the n-grams that were used from backoff table.
Evaluation results on machine translation tasks with merged translation tables are given in Table  8 .This setting outperforms MGIZA++ on BLEU scores, as well as three other evaluation metrics.
The phrase translation table with Anymalign parameters for the intersection part is slightly behind the phrase translation table with MGIZA++ parameters. This may indicate that the feature scores in Anymalign phrase translation table need to be revised. In Anymalign, the frequency counts of phrase pairs are collected from subcorpora. A possible revision of computation of feature scores would be to count the number of phrase pairs from the whole corpus. Evaluation results on using backoff models show that unigrams produced by Anymalign help in reducing the number of unknown words and thus contribute to the increase in BLEU scores. To analyze furthermore, the number of unique n-grams in the test set (French) that can be found in phrase translation tables is shown in Table 9 . Anymalign gives greater lexical (1-grams) coverage than MGIZA++ and it reduces the number of unknown words on the test corpus. There are 341 unique unigrams from the French test corpus that cannot be found in the MGIZA++'s phrase translation table. These unigrams are unkown words for the MGIZA++ table and they are about twice the number of unknown words for Anymalign phrase translation table. For n-grams (n ≥ 2), Anymalign gives less coverage than MGIZA++. An analysis of overlaps and differences between two phrase translation tables is given in Table 10 . It shows that 7% of phrase pairs produced by Anymalign overlap with those of MGIZA++. This shows clearly that the two methods produce different phrases. 
CONCLUSIONS AND FUTURE WORK
In this section, we summarize the work of this research and highlight its contributions. In addition, we suggest possible directions for future work.
In this paper, by examining the distribution of n-grams in Anymalign phrase translation tables, we presented a method to improve the translation quality of sampling-based sub-sentential alignment approach implemented in Anymalign: firstly, Anymalign was forced to align n-grams as if they were unigrams; secondly, time was unevenly distributed over subtables; thirdly, merging of two aligners' phrase translation tables was introduced. A baseline statistical machine translation system was built to compare the translation performance of two aligners: MGIZA++ and Anymalign. Anymalign1-N, the method presented here, obtains significantly better results than the original method, the best performance being obtained with Anymalign1-4. Merging Anymalign's phrase translation table with that of MGIZA++ allows outperforming MGIZA++ alone. The use of backoff models shows that Anymalign is good for reducing the number of unknown words.
There are arguments as from which phrase length the translation quality would benefit. [13] suggested that phrase length up to three words contributes the most to BLEU scores, which was confirmed for instance by [25, 26] . However, [27] argued that longer phrases should not be neglected. As for Anymalign1-N, Anymalign1-3 and Anymalign1-4, in which phrase lengths are limited to three and four words respectively, get the best results in four evaluation metrics among all variants of Anymalign. This would confirm that longer phrases could indeed be a source of noise in translation process. On the other hand, more reliable, shorter phrases, would contribute a lot to translation quality.
In addition, a recent work by [28] shows that it is safe to discard a phrase if it can be decomposed in shorter phrases. They note that discarding the phrase the French government, which is compositional, does not change translation cost. On the other hand, the phrase the government of France should be retained in the phrase translation Furthermore, according to the differences of the evaluation results between using Anymalign feature scores and those of MGIZA++ in the overlapping part of their respective phrase translation tables, we wonder whether the feature scores computed by Anymalign should be modified in order to mimic those of MGIZA++ and better suit the expectation of the Moses decoder. Also there is the concern on whether the distribution of phrase pairs in MGIZA++'s translation table is ideal and what possibly different distribution in Anymalign's translation tables would contribute to further improvement. This is an important aspect for further research.
